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Abstract:

Generative models try to obtain a probability distribution that is similar to that of
observed data. Two different solutions have been proposed in this regard in recent
years: one is to minimize the divergence (distance) between the two distributions by
maximizing the variational lower bound, and the other is to implicitly reduce the
distance between the two distributions through adversarial processes. One of the
problems in generative adversarial networks (GANS) is the mode collapse. Mode
collapse is a phenomenon in which, for various inputs, the generative model
generates low variety or similar images. This paper tries to provide a solution to the
mode collapse problem proposing a novel method called variational generative
adversarial networks (VGANS). This method exploits variational autoencoders to
initialize GANSs. In other words, in addition to maximizing the variational lower
bound, it also implicitly reduces the distance between the two distributions.
Experimental results show that this method can deal with the mode collapse problem
better than the state-of-the-art. Moreover, in the qualitative analysis, according to a
survey of 136 people on the authenticity of the generated images, the proposed
method can generate images more similar to real ones.

Keywords: Deep Learning, Generative Adversarial Networks, Machine
Learning, Variational Inference, Mode Collapse.

This is an open access article under the CC BY-NC-ND/4.0/ License (https://creativecommons.org/licenses/by-nc-nd/4.0/).

d http://dx.doi.org/10.22108/isee.2021.129742.1495



Vo \i.\ﬁl{"?}aﬁ{)W‘rﬁ}ﬂdb‘éﬁw@)ﬁéuw‘ﬁﬁ

Sl (Sslls b 51 S s sl p Sk N e (ool laasid
TS Olsp s S pemns s M il s

Ol =55 =55 o83 = 5 5eelS vlige 0dSCE3s (g 55 (6 gaeiils =)
jamasb@yazd.ac.ir
Ol =55 = 5 o5 — 5 geelS odige 2 a1 oliwl Y
vderhami@yazd.ac.ir
Ol pl=s 3 = 55 ol&ls = 5 5ualS wdige 0aSils Lslisl ¥
yazdian@yazd.ac.ir

JlSu_“.\ L;]j" Ju)‘jig:,.wémb _L::Lv c.L\jzeJu”: L;Lbob\: GJ}JLMLJJ‘\SL}JL&}‘G))J MwwﬂyéuJM :6-‘&?

onb Bl 05 Sain Gkl mis 90 o (dol) ol STy 05 SaeS (SOl odd Sl gladle s ol o
st 53 3 pe SASEs 5l S anolbu gladul b bl s s o abols e RalS (6 K0s 5 Sk
Soslize 63555 alie Shila Wse Jo oS 358 o 42 o sb e 4 Sl Solily 3ol Sl Sabl 5 ) po el
et Olye b o3, BUI L alie cpl &S 0 A5 on o alie Gladised o= b oS SS1y L slaaisod okiS1,
Sheslizal U iy opl ols 5 amb slaesls W5 cmoman 5 e Salils 5 b ablie 3w Sk el e
St el LU el esdle (s Oly a0 S e sl as e | W e el slaaSid (il ais la IS 5e 0
ol anedlss gy ol das e DL S El e e Sl ped D) son B &5 33 e 4ol S el )
53 3 3Gl e i il a8 e 5 piamen S allie Sl Sl b IS b s ge sla a5 5l e
Myl s a el Canly 4 g Salie pslal (olgdn Sy Ad els 0L el 5 bl 0 Bl L da)

RS aéjs

G S5l (mdle 6,53k (Il Salsl 5 W ge sl slaaSid (Sl bl 1 g IS glael g

3l el U8 S50 [1]-[4] cl i osli dodio —
ool laasis Olyie U Gres (6,550 el

L A S S Olsea Goee S5k Yool I
5], [6] <ol eais 5 2 GANS Lzl ' 4o 3Ty 55 S 5

LSS Ll sl atlis pile (685l Slid>s s
S ses,S g anwg ol gladlu 5 0lag by e

Ll o ol 0T 3 SO el 1 W e gladis 45
Jl;f.:.ﬂ gi)'lsj.ijc;b')w ooils 3 d"l:"“’ slas s

S g g0 0l uﬂ)yi Ol Jde 53 szl cnl 5o

&—ij})}iﬁw)@‘)uo)\iéj‘}:ASG“JJ‘}AJ./\A

. . R
SLaosls 51l gas 4yl Jlazml 48 D oS plaze Jus Ve ohV s Jll b
;-"”}J'f: vb)@ Lff-’“”d b G JJw )\ li .L.::L aJ..AT J"J)‘A“ RN AL L &ﬁu\i @)U
_ U N
1 AS el D Syl ozl 45 Sl ol G s gl 03 s e e
sUSiils — 5y N 3i = Ol et g SLS
o3 (53 SG Kl ool pl i s S iy
F3erlS ol
ool slaasls IS sl Lo feio - awS b



Pdata(¥)
Pdata(X)+pg(x)

SladS s i )5 353 e skl

L7155 S 5 i s £ L1815 8 Gmomo ©ls
SIS s Wps amols (slaasld 4l L
ISz g3 4 Calina gladlie s cilesls 55,0 395
[8]— C,\_Mul ol o)u‘ ./Ujﬁ dwl}h: 6[.%4_{4“3 BL) L;'NL"N\

ol sl e [11]

el Ja_.p € b S JJ}A WBJ slaaslis

IS g | e o L S plaze 5 Wge) Je o
Al e 3l J S sy sl il o b B S
Sl Gt P ey e i L ) sle el
s il o Bilae 45 gy 8L 5 550l
33t e (Gl B S S Sl dal
AS ol u:‘J'}”"

st U el il b ol LS (K
S 3y n B Aty S ol 3l 35 05 5k
Sl shisi a8 5,8 e sl 1 s e Jus
ol pmis w5l asS Z slie) Dl lagssss
33 AS e Cl s wlie i SO w1 (Al
3L sl 48 Al e BBl S5 ooyt o) fas
sl oy oS A ol 4 Dslite (52555
Syd e LK

5 U e ol laaSid I glandin (i ol 3
L e gla)ls calsl js ol 4l ol olslis (Cpmat
A sladls s el (Solsls b |SCie o) sl
ol e sl gy dseol caalsl 5o 5 Ll o o
L olein Sras rae Lt Ol Sl Bl
oy 25 o ST S e Wge amslis Sl Ol gie
5 —r codal ey 55"55 S e =l Ol 3l

Lpd a6 S ameS

hip sla,ls Y

L se ol slaasld (HLGn 5 5l S 0L

3G S g 53l el nls 0L (V) IS 55 Wy
sl iy S Vi O A S S 0w D
Uast Ll oy &y iy 015 0 ot JS el
Shoslinad Ly dge dis (hs) ol 53 25 o3l (2550l
DS e fdS g )y alal Gla g eae S
Jis S e lads a3l oslaul L poean
oo ol sl eslial U sl e enls 55 sl oS ez
Cd B 5S5ln 0 iy ch'«"-w\ Ored 4 O

[5]

'— a -
I_ - _-

g oolis glaasls s Shas 652 (V) IS

pracd e Jip

Jlazml S Xoosls 5IPg W ge w55 5550 sln
3y o i a5 PA2) (53505 LA s e p
Gz Og) Olse b tesls slad w23 O 51 e
S ahsiy 45 ol jasie U UG oS 550 s
(nmamad 33 o Ol O sba il b ¥ O 2
S 48 55 e o 25 D(x; 0g) p > VAo U5 e
Laosls 5IX oSyl Jlazl g 5 ol s)ls Il o >
Jlaz! D a8 55 o opas 1 Py Jlie 3 2L sl
Jolie oo 1y = ol eals IX a8 = s i LS
Sl G Ol L Olajpn A8 e w15 Pg Sl o3l
5y o8ls 3 0G(L-D(G(2))) 03 Sezias
L =550 i — 40eS 3L G 5D > s

[5] xS » 3L V(G, D) Jlais o
mGin max V(D,G) = Expyaollog D(x)]

+ 1Ez~pZ(Z) [lOg(l M
- D(G(2)))]

D Cas m5aS Jhso 5o 858 Al sl b
Jlz=l e (¢l log-likelihood Lais &) soa

o=l oS A s s e S P(YEYX) b



Vv \2'\J:..{L)_grya)wgrﬁéﬂdugdwaJ}éutmu;ﬁ

S5 pdy e (10

(s il JSlie U ablie gl s ol
ool GlaaSd Bda b a Ay o5 03 Sl
Gl pod oy dhols oS il IS w0 (1) lal ) Wge
Sl s slap 5l Al Moo Je 5l s ¢
Syt Wl 5l & a5 [18]-[20] Wlos &l LS !
EU b o) 5 e Cosen Fn s et
L i) ol ol 5 S dS e w3lsl o
S S 5 boles ol S IS 5556l DS S
fu,u;b_ﬁidsw;\ e ol glaaslis 1s
Hly glae 5 05, SBLSI L oS Wi o gy o) Son
S g S |y e bl

oS ;84S Shso & WanaSid i S eslin
sladsely 5l (S5 o s g 1) de o Ll
53 [21]H[25] el sus Ol DIl Sabsls 3 L alilis
o Ly e a3 i S eslizal b b el )
L LS 5l glace pomme J,ls dab oS plaze 4l
Ao by S et a5l plaS a6 das o sl
Slacdl- b il et ol Ao pasma 5 il S
o OIS cplodas Colan 31 SG ks s 1) alis
RCO I RV S NI

Salals b L alie (sl adsl 25055 ol i
[26], (slaallie o el age slaaslis ;s Sl
Ol oo 45 ol ol snslzs ol .ol o AST [27]
A b1y Il Salily b At (ol a5l 23055 L
2S5 JRS ook

e 53 A0lS e s ol 5l edel s A
ol a8 b ity ol 50 e gladis 3 Shas
A5 1 Candls 4 bt Sl (slaesls €503 015 e (O
Bl ped (e ) Wl Kl e ek gad ) 5 S
s A e L[29] s 12] ol 28] e b
st [30]

S S bzl Y

s bla il gla iy 5l G ) ess bl

Slac e as ax 5 L [5] s S b ae YoNE Jlo o
ajyﬁljsw_}gbwuo)b "k‘:jjjjbui’})g}i‘
LaaSs 5l g cul b o)Ll a5 sboles RO (O
ij]ﬁwﬂo@d%.xlww;s shls
L,\_m‘a;j_:g_éjla;u @3‘} Lsu;ﬂ)lsé‘f&;/ty wl
L adlie 355> L3 sldplnil sla,lS OLa 51 [12]-[15]
ool e s sdiaslyl Sl 4 I ‘;:Lie\}fé
e gl aSs Sl eslinal Glras SIS b s 5535 s
d.l#)\ﬁ;ﬂﬁ))}ébmwﬂw&\jw&)
Laosls plad (gl a5l 5 Laesls Wl 55 (6l K
slaass 5I16] (o, s SLSaly 5 .S o ool
oS plaze Jibo 5l [13] JLid ol s 5 Jlaygsls
L&)\K}AJJ}}'— )‘ e G| GAJS oalael .U}A J.X.A)
PN S PO R S (G- PR t{ JEAN U PR - P
[14] s

Qlj_n.ﬁl_:é)l_{hb [17] BL) a.,\_.ird._‘:b‘ J_>eb
oS pyleze 4 OF L3 &S ol (K S axs s S
S S aws So L1 adsed Ko 358 g0 03l o3
LgLAaJ‘) )\ ;,<.2)S Alwd ;i_r' 9 JJ)A )‘ a.,\.\i.k:.b: 6[.&0)‘3
Lads pai 50 L ahools (6, 86310 L s o anslio D)
ol o3 5 (sladiped 500 L 4 ged S e Ll 5 e
Uuij)w\.w\w\;wb@b)ﬁdl.ﬂﬁgcﬂw\
jﬁj@)}%ﬁn&)upﬁééé
a3 e 3 g Ly JS sl sl L

rk_: a u“:)) )‘ oslaul co.)._.ivd._?b\ =Y J.?-eb
ey 4 S plate ol WL aS 54ls ol e -l
oS plaze Jhe L pdier sly S S aws o lila
.J\_S}A J.,\_»)L&J”Ja_ﬁségb-); f:}.:LSA o3ls ulr)}ﬁi
Lsuu—fjiﬁ)) uxbmw)lsu)\ }}..ZLSA osls ulr)}ﬁi
S,b o Ll el Ll L3l i (S S anas
M.le)%&bb}ébﬁ}@%lﬂ‘fﬁ

CFAR o513 as gaze A 5le) S5 23ly slaesls sl



KL(pCo) I CI(x))

= fp(x) log ( 2 ) )
qx
f PG log s = dx

=Sl oS Lloslie w55 530 5P G bl o
FERECY P PN S PR PR P = S v e
g S i bl b sl s es 4 m5 s
KL(q(2) Il p(z|x) )

p(z1%) ©
=~ [ a@1tog @ “

SPEX) sl (1) adaly Sl &) 0 5

sl O sy (S 5Leesla

p(x,2)
- [atog %(3 )
_ p(x, z 1
fq(z) q( ) p(x)d
(z) [log —log p(x)] dz (0)
fq(z)l og ( )dz+fq(z) logp(x)dz
(( ))

—fq(z)log @ dz + log p(x)

Ay s el OF a3k 5 (8) daly & ax 5 L

logp(x) = KL(q(2) I p(z|x) ) )
p\x, z Q)
fq(z)log e dz

sl olaze 10g P(X) X 035 s das am a5 L
S5 03 SawS slras s blaal 5o as dal

s e [ Q08RG 05 - S

Sl b e e ld (Gl o bisl) Ol ge L oS

Dahe Jos ) Dogen e pl O Sandy

p(x,2)
fq(z) log @ dz

_ fq(z)l p(XIZ()z;(Z)d W)
p(2)

=fq(z) logp(x|z) dz+fq(z) log ﬂdz

" SSS sbede

Sl blasal (K31 F e (Y) K

Xdﬁg}g—“:géiﬁ\)gd*—‘)sdk};))—"))
Jloiml foloms i 3L 0lgy ite Z 5 Plasalin
23 St o andd 3l eslazal b aS Sl P(ZIX) s

35 gt

pxlDP(2)  p(62)
= = Y)
P = T

ShaS e Vil 5 SPX) (B bl s

= [p(x|2)p(2)dz ki,
OF 015 b 5 ol ™ ey 35l g0 3l S5k 3 JISI
s il YU sl 517 48 ol 5 55 a1

=l b e dla p(x)

BEJRCIIV RN W L PP B WY eI (N Py I P
syors JSe ol by s 53 dlaasl 5 bl 655
L S ol PSS gn o 3l eslial S 3l
bl ol s gy 5 S e Jo 1) ST 6 1S 45
L L P(EIX) (s mts Blaal 555 03 ol (Sl
So0(@) S5 A e B ) o 5 5
s OF Sl ey et L 05 o el el 59
Sl gl ol ol 8 o P(ZX) wlie ASE
B3l 5l 0T Ol e A3l Jdely i S O(2)
ot 25 sl s 5 sl e pete slans g
o=l 6l s S PZIX) 5 A(2) (e deole ool LS
US55 eslinad dhsls 5 Ll STy slasls 51 Ol e S
S el ML = SISl ST e gla ) ST
S 5 St 538 e o OF S 8 OBl

SARNEPR



V‘\ \i'\ﬁLﬂtrya)wgrﬁéﬂdugdwaJ}éutmu;ﬁ

Cdlsp (A) adasly 5l SIS eyl sy

KL(g(2) Il p(2)) p— s Jalda S S
ol KL(q(2) 1 p(2)) ¢ 5 ol Egpllogp(x|2)]
s o alis sl HISUS g S Z 5 XS
o Tl sl il Sl 5 el sl
lbas Olas oy gie &y s o Egp[log p(x|2)]
| JWVES S N W S PR SV TN B o il T sstast

max <]Eq(z) [log p(x|2)] = KL(q(2) I p(Z))>

logiike KLaist

@)
=min< x—22 + KL(!I(ZIX)IIP(X)))

reconstruction_erro KL_dist

W) adaly 05 Sacin slra Sole 4 S a2
A= SIS 1S5 5 gslsl glas 03 Swes |
bl gl fals Clils a5 b s ps e eslind]
SIS s 95 A5 51 6 S e b snleing o)
S dl g Gus Bkl s s s Sl
93 bl 5l as S e ) Jie (Wge esb 4SS
Ll 5 Sleis Sl IS 50,355 5 anolos Wse 1S3
rj_?j.)(o) A_E{\))J.J_lso_ﬂe.)u.:_w] JJ)A JJ.» ool
52 a0ls s Slandl Halll 5 L - SIS IS
s SIS e s 5 a3l Slass blazal gls 5
@S |y (05l i o i 53) o) Sy eolss
s ol adlie ol &S = ol ol Lol eaS s
ot Slug Sopen o3 a8 I 3 -
AS e
ffi‘;‘jfﬁj\ Gl ol osls 0L [7] Alis s
.l_‘j.a WGJ L;LML(:.\.Z)J QfL.I: dols {exe d\);‘-;d
in: t\yl O 58 Sles Glali8 e 5 45 53 5 S eslazul
Q'}_Ju_ﬂ o }}JLSA salazal wmﬁﬂ rj.: Qb,&cu dl;b
Shesteul Lo 1y gla—al= -l Aol a Sl 51 ey
slaal i lasliul Lo S ety gl BIRLEVETPes
Lab oS [34] eobis sla i8S s yn s WS I8

53 Jold lasile ol LU oS 3y dal s ol 4
P@) o A = SIS S5 T 5 K S 5580 05
o ax g Llog px[z) sl asl s 5 ol Q(2) S
by s et (V) daly o 5 nl 4 el 0(2)

ety

= lEq(z>[log p(x|2)] W)
~KL(q() I p(2))
= Log_Llik — KL_dist

@)‘_,3 O ol J':,alS sl das o Olis abaly Q__.\

5 3t eslizd (A) s 314(() <) P(EIX) 5 G(2)
X odalie 3l Janee o5 KL_dist s p(2) L q(2) Lol
log_like —x ™ slaicul, r%)l—ﬁ 5 SalS el
S esliad Uy 51 mis blatal gla i, b o il
33 e Caled bl e sl 05 Sads
Oste ol 6l dslis las Sss 5l (Sl 58
534S el T Sl S e 5 5 slaass 3 eslanal

3 lgn gy -t
S 0 0 A o e s Sl ol o
Rl s el (Sal 8 s s ln (Sl
ol slgiy ol SLaaSid s ) 5 gleesls kS
Aol 03,505 L esls 0L 5 Cand 53
=55 5 A(@) el s Gadels w5 S (2515
S|P S BTG (.:wl_ij el s P(ZIX)
Solingr nl IS ey Sl eslinad b oss i 1, P(X]2)
(1) S 5o i 51 5108 5ey0 5t 35 e el

) o ealy OLES

=

Encoder Decoder

S yis S8 5050 51 (F) K3



ol sl es gy Sl by ISk 2ulS (G
[7], [17], slaalin s 4,0 sla ol 51 0155 oo
Al ol 5o bl e S eslind Jas sl sl [35]-[37]
3302 opl bl sl ol oslin il 55 (AS GL51 )
5 oS Uil Lime ot 3leig s edul ise
Gl o gilwerlg Sl (s i e (AS
At sas oy SLae3ls 48 garn [l s 3
I [F4]CIFAR , [FA]MNIST e o osls
53 0313 s gazme 53 Sl e BAS 5 lad 5l ladd s
O ged Ao S ol s aslea s esls olas (A) S
skl Lledds yasia je 3ol b ol & sow
S L Sl Use oo 800 By CodS S5

s o 0L (6 s &y oty DC-GAN 5,5 4

S by -V-0

Sl ge gladis b3l Gl p @354 slaslins
Slams Sl eslial Ll o Seslinal 5l S5 45 Lilos
DS el 5 slaasls w5 p ol (2,8
Wl 035 0y Sl ek sl b3t slaesls w55
sl Gl s edd a1 [40] e s 5, ol
S5 o3 eddielasil la)ls iy 5o At se sla s,
55 Cml 0l eslid OF 5l ad pe ol glaasls
s ) golging oy 5l edalsay pualis 5 s
Aol ) o sla 55, 5 (VGAN)
ity o2 )8 5l Bl 5 5Kls (1) Jgar

J}:’uéh&})lgub 48 gases 93 ) b})l.; o P

Method MNIST | CIFAR
DBN[41] 138+2 | 569+4.1
DC-GAN[42] 131#1.2 | 555%3.9

Conditional-GANs[35] 132+1.8 | 598+3.8

Improved Wasserstein 148+1.3 | 608+3.0

GAN[36]

VGAN 163+1.3 | 611+3.6

sy ceslsae gaze 93 o 3 Jgdr A e g L
S e b Sy ple 4 cand dlie ol 53 ediasl )|
ol c)JSg..M..S

m%m;ﬁ\ﬂ I ;;L:.ébjé C.,-:Mj):

6&)‘.15/},4‘)}? LSWBJ V_.M._:JKA )‘ osle il k_: JJJ‘J

Nl;é sth&;/ Jﬁjéwgmz ;}‘.“@'.’ b L}'?‘J:':x:
rljfl_li 203 o5l yets el S e ys 5t 3l esli ol L

(8) S5 5o SSled ot olgning o 3 Shas

el 0 03ls QLS

V4
x x
Ve
Caad 2 g )
< I
Z |
Wy

Sk N go ol 45 () IS

X
2 Y s

s gl

3,05 5 gal (5l Al s 53 ¢ Gl anolo A0
eSS a0 5 S Ol g L 4l s A e
23013 oy 5350 S T w55 B 3 pd o 03ls 25 sl
L 56 e i LESUS L5 Lop s A e
S 03, Sl 5 D edliS plaze S 4 IASS
Uge S G eosls |y GaandS 8ib s 5 C oS LS
Ot Aol 03 SaaS Ak s 4 550 e SIS e
2131 edidd 5 ladisad 5 besls 55
Sl el S S ssleni s s Ol &
3 Gl i ol 534S Sl peolis W ge slaasl
B caslsl 55 a5l e eslinal s e a8 ey 5

[35] .,\.)}..In& QL_.: ULJ) Ui‘ )‘ a.,\.»TC,...«:m. LfJ’J

‘5:}’53' @L‘b -0
ooyt Mo gladde 5o bl gba Al 51 S
s ool sl ol 8L s ol laasis
5 Ll tilodd 810 ola ol pl 3 ol okl
Lasbns ol L gl dils 0Ledl Oliims 35050 ol



AN \f.'\ﬁ.l.:gryb)wcr.héﬂdb‘éfw-x«)}éuwulﬁ

i el el (sl gals) DC-GAN :s, )3

S Wl e Y oo 37 S s aesls 31 el
Lol €515 o gnien o gl& (50,8 (slaale) sl L
S omle &y g Laesls VGAN (oalgiiny g, 5o

ledd iz b IS 3

&S @byl -Y-0
S h o=l s esslein s e 2L sln
3L sl Sk (g, 5l aS el eslizal 4SS (slalas
51 e b gl il el s 4 Glsl 08 5
Sl ppai Ve o o Wbl G s 0108
sl idd 5 pgead Verer ol a4 MNIST osls a5 gz
sdia g gl Vers (man s DC-GAN s, 5
e bl sy s (VGAN) (olgi s,
OLlS 51 g el osls OLLS Ol )8 & bl &) o
RCIPRP: PR JARC P PG PRI e

DL C.,_w\ Jjé )_9_5-)) .YOCA—V" u—:‘*:‘l" )‘ °'L:'L3J_55 .f»}"’aj

)1)0Mab\bw~ﬁjﬁw@hu‘j)u4_’fu_wjlm
slasS S Llacl bu g Jlas! s b

il S (V) Sl st (S sk 858
.M)@Qu\)tﬁ&w#

S oo 03 db e G ol glad S ek
A1 00,5 68 s Sl (Sl Sl Ol
dals Sl 55 e ddd 5 glaesls 55 slad s s
S| el 5l s g ol o Gl S
a5 el o oslizl aesls oS cppasis
Al Ghide o313 45 some ey Laesls JS ST,

Db e ) Soxe s
1\ . .
D) == ) Il = ) = 1y = DI ()
i=1

fi oS slad sl slus I = 1) (88 alasly o
laaisad s I = 1) 5 (ilasl o35 42 pome 5o
ol eSSl eslazal L WS 55 sl g duands
e A2l 2eS Dl cpl a ol 0sls ae ez a
Sy edkddd 55 slaesls slad js (6 x SAS|, 5 ol
Ol slme pl Ly s iy dglis e ¥ ot 5500

Aas e
S5 sl IS 53 STy S las () g

DC-GAN 5 VGAN

Method MNIST CIFAR
VGAN 224.845.4 327.1+35
DC-GAN 296+9.1 358.8+4.9

Slsesls a8 aS Cnl ol sdas DL L

S S (VOAN) sl s s sitd s
ol S o Sl el s2ls 3Ly (glaosls L
Slpasgad sl i 8 5 la sl 5o i e
MNIST esls 4o gome gl o NS 8 53 el gluandS

ol sl 03l ULJ.J

3000
¥ DCGAN ., HVGAN
2000
3
"1000 - ) )
O -
A Y'wgs ?)L«.}: Y A 4

Sl NS a5 edddd 5 sk ged slaas (V) S

MNIST esls 45 sozns




CA_.»‘AJ_.LAJ'QQLLJMJAJ\‘%)\M}:JLA_?J'L;JJ
I R & T .

YovY o bl U e o=l =l ¢l

53 edealewsay g bl b o dals et s (630

Llodd oals OLES J'l) Jj.\}

ol VW S e ol 3L 0ley o

Vorer il LSS nsbaad S5 a8 CS 50 i
VYol plS e Kl Sy pmin 4 025 5,50
rabal S slaa g pemmans Sl 03 S LB pad

Cdls a8 bl o355 5590 V0 AR0R 0l el OLES

S 504 DC-GAN iy, LVGAN s, dlis :(F) i

5ol
. Eans
3 VGAN DC-GAN
4 =l 25224 (69.44%) 19112 (52.83%) 14946 (41.04%) 59282 (54.43%)
9
h Sele 11101 (30.56%) 17065 (47.17%) 21472 (58.96%) 49638 (45.57%)
Eaae 36325 (33.35%) 36177 (33.21%) 36418 (33.44%) 108920

L ol ok Oy e bzl i), LIS ol o
Only AL 0o Sl L Al eols 0Ll (o e B
=S5 03 S nS 5 S e p0 0 Sl eslind b (glanil>
Slaclsr (o5 Copon (Bl 5 Wpe w35 93 o
5 S Do 93 am s ol T e s 4 s e
Bl DS (S s Loy 5 lodd s S
o S 28l pslal 05,8 jasle gl |y 52
s 5 ool OLlS 5 00 S 4 (o peae nsla
S 8l bl (o 8 i Jlas Ll s ol s
Sl lame Sl aS Jrlod 53 oy el 1) 8 s
ST BN lre 5 3Lk oy pledenly 2,8
A eslaal WIS s

53 el dalll ) ceddiplnil &S Lo 4 a5
S U el s 6t 3,5k cd azil g s ol
L o b (o as &L sdddd g s glas
e ol il (o 9d U oolgly hg, Lol
S ele e Sally 3

sy gla,ls -V

ol 08 ol i ol s edislgd i)
ole ;"1 Ji'j)dc"“”‘ uﬂ?- BE U'i\ Sl ol ealanad

i Ams e 0L B Jsdr (¢ gamme) 5T

DC- Sl s VGAN Kol adly) uslaas (il
L dias e ol 21 Ogte .ol 030 <555 (GAN
Ol LS (les 5 bl Laosls do 5 T g 4l 552
03 Mlesls yaselis ey |y Wassls /08 31 2 g yoamad
s (St sl JS 78) Olpe DC-GAN i,
Glginy gy e aS b s il edd esls jasls
Sl glas (£0Y) 0l )8 51 e 31 5w VGAN
ol glaslel Sl Llesls Lasis adls 1) oS gl

YA L . - . . L
. Ju\u.‘jmé)).]a}ﬂU)yd.{)fwjlm

S S 42w =1
S Il il s b dlis 6l by s cpl s
U g N [ 0 S DI YT | PGSR S Wk
L 35 o 00l o5 el 51 SIS je00 550 S et
Sl sl pys w by sel gleesls 3l sl G Wl
e ABL S ey 51 Gddely LB el s 15y
LR e VS P [ HIPH PN CJUNE
et 3l 3 il e 3 a3l At 3l | el slsesls
sl ool Wge 03 S b 4 LS5y 5 IS 5,
Gl (St LIS a3 55 805 Ol 4 05 o0

Doledd esle ! J_S}A Wbu 6[.&4&..& 3\:3}‘ UAJQJJ



/\Y’ \2'\ﬁLﬂgr}.ﬂangrﬁéﬂdbgdfw.)m@d)}gbtmu;ﬁ

Learning Representations, 2017, pp. 168-175.

[11 S. Reed, Z. Akata, X. Yan, L. Logeswaran, B.
Schiele, and H. Lee, “Generative Adversarial Text
to Image Synthesis,” in Proceedings of The 33rd
International Conference on Machine Learning
(ICML), 2016, Vol. 48, pp. 1060-1069, [Online].
Available:
http://proceedings.mlr.press/v48/reed16.html.

[12] Y. Liu, Z. Qin, T. Wan, and Z. Luo, “Auto-
painter: Cartoon image generation from sketch by
using  conditional =~ Wasserstein  generative
adversarial networks,” Neurocomputing, vol. 311,
pp. 78-87, 2018, doi:
10.1016/j.neucom.2018.05.045.

[13] J. Luo and J. Huang, “Generative adversarial
network: An overview,” Yi Qi Yi Biao Xue
Bao/Chinese Journal of Scientific Instrument, vol.
40, no. 3. pp. 74-84, 2019, doi:
10.19650/j.cnki.cjsi.J1804413.

[14] M. Lee and J. Seok, “Controllable generative
adversarial network,” IEEE Access, vol. 7, pp.
28158-28169, 2019, doi:
10.1109/ACCESS.2019.2899108.

[15] Y. Deldjoo, T. Di Noia, and F. A. Merra, “A
survey on adversarial recommender systems: from
attack/defense strategies to generative adversarial
networks,” ACM Comput. Surv., Vol. 54, No. 2,
pp. 1-38, 2021.

[16] C. Tao, L. Chen, R. Henao, J. Feng, and L. Carin,
“X2 generative adversarial network,” in 35th
International Conference on Machine Learning,
ICML 2018, 2018, Vol. 11, pp. 7787-7796, doi:
10.1007/978-1-4842-3679-6_8.

[17] T. Salimans, I. Goodfellow, W. Zaremba, V.
Cheung, A. Radford, and X. Chen, “Improved
Techniques for Training GANs,” in Conference on
Neural Information Processing Systems (NIPS ),
2016, pp. 1-9, doi: arXiv:1504.01391.

[18] Q. Mao, H.-Y. Lee, H.-Y. Tseng, S. Ma, and M.-
H. Yang, “Mode seeking generative adversarial
networks for diverse image synthesis,” in
Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, 2019, pp. 1429—
1437.

[19] Y. Yao, Y. Pan, I. W. Tsang, and X. Yao,
“Support Matching: A Novel Regularization to
Escape from Mode Collapse in GANs,” in
International Conference on Neural Information
Processing, 2019, pp. 40-48.

[20] H. Eghbal-zadeh, W. Zellinger, and G. Widmer,
“Mixture  density  generative  adversarial
networks,” in Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition,
2019, pp. 5820-5829.

[21] A. Ash-Saki and S. Ghosh, “How Multi-
Threshold Designs Can Protect Analog IPs,” 2019,
doi: 10.1109/ICCD.2018.00075.

[22] 1. Tolstikhin, S. Gelly, O. Bousquet, C. J. Simon-
Gabriel, and B. Scholkopf, “AdaGAN: Boosting
generative models,” in Advances in Neural
Information Processing Systems, 2017, vol. 2017-
Decem, pp. 5425-5434.

[23] A. Grover and S. Ermon, “Boosted generative
models,” in 32nd AAAI Conference on Artificial

(o3l ol ol 13,13 1 sl sl W5 3 eslid LG
AL Rt g e g b e s gl

L ablie ol -5 GlaSal, 018 o copomen
G mU o Al 5 0 Sl Ll S Soll b
i b Wge 4 i i5el b Wge sl 2
P30 st e o 25 oS5 lie ol s ool
oo ISl e dS Ll laann s (555 | solgiy
laasls 55,5 Jlasl [31], [36] WGAN 1ile 1 5o
2S5 M5 g seaast

e

[1] M. Hajizadeh Tahan, M. Ghasemzadeh, and M.
Rezaeian, “An evolutionary attention-based deep
long short-term memory for time series
prediction,” Comput. Intell. Electr. Eng., Vol. 11,
No. 4, 2021.

[2] S. Sheykhivand, S. Meshgini, and Z. Mousavi,
“Automatic Detection of Various Epileptic
Seizures from EEG Signal Using Deep Learning
Networks,” Comput. Intell. Electr. Eng., Vol. 11,
No. 3, 2020.

[3] L. Deng and D. Yu, “Deep Learning: Methods and
Applications,” Found. Trends® Signal Process.,
Vol. 7, No. 34, pp. 197--387, 2013, doi:
10.1136/bm;j.319.7209.0a.

[4] Y. Bengio, “Learning Deep Architectures for Al,”
Found. Trends® Mach. Learn., Vol. 2, No. 1, pp.
1-127, 2009, doi: 10.1561/2200000006.

[5] I. J. Goodfellow et al., “Generative Adversarial
Nets,” in Advances in Neural Information
Processing Systems (NIPS), 2014, pp. 1-9, doi:
10.1017/CB09781139058452.

[6] Z. Wang, Q. She, and T. E. Ward, “Generative
adversarial networks in computer vision: A survey
and taxonomy,” ACM Comput. Surv., Vol. 54, No.
2, pp. 1-38, 2021.

[7] S. Nowozin, B. Cseke, and R. Tomioka, “f-GAN:
Training Generative Neural Samplers using
Variational Divergence Minimization,” Vol. 2,
No. 1, pp. 1-9, 2016, [Online]. Available:
http://arxiv.org/abs/1606.00709.

[8] L. Metz, B. Poole, D. Pfau, and J. Sohl-Dickstein,
“Unrolled Generative Adversarial Networks,” in
5th International Conference on Learning
Representations, 2017, pp. 1-25, [Online].
Available: http://arxiv.org/abs/1611.02163.

[9] T. Chavdarova and F. Fleuret, “SGAN: An
Alternative Training of Generative Adversarial
Networks,” arXiv Prepr. arXiv1712.02330, 2017,
[Online]. Available:
http://arxiv.org/abs/1712.02330.

[10] S. Reed, A. van den Oord, N. Kalchbrenner, V.
Bapst, M. Botvinick, and N. de Freitas,
“Generating interpretable images with controllable
structure,” in 5th International Conference on



variational bayes,” 2014.

[34] A. Makhzani, J. Shlens, N. Jaitly, I. Goodfellow,
and B. Frey, “Adversarial Autoencoders,” arXiv
Prepr.  arXivl511.05644., 2015, [Online].
Auvailable: http://arxiv.org/abs/1511.05644.

[35] M. Mirza and S. Osindero, “Conditional
generative  adversarial nets,” arXiv Prepr.
arXiv1411.1784, pp. 1-7, 2014, doi:
10.1017/CB09781139058452.

[36] I. Gulrajani, F. Ahmed, M. Arjovsky, V.
Dumoulin, and A. C. Courville, “Improved
training of wasserstein gans,” in Advances in
neural information processing systems, 2017, pp.
5767-5777, doi:
10.1097/WAD.0b013e318211c83c.

[37] A. Odena, C. Olah, and J. Shlens, “Conditional
image synthesis with auxiliary classifier gans,” in
Proceedings of the 34th International Conference
on Machine Learning-Volume 70, 2017, pp. 2642—
2651, doi: 10.1016/0021-9614(70)90038-8.

[38] Y. LeCun, C. Cortes, and C. J. C. Burges,
“MNIST handwritten digit database,” AT&T Labs
[Online]. Available http//yann. lecun.
com/exdb/mnist, vol. 2, 2010.

[39] A. Krizhevsky, V. Nair, and G. Hinton, “The
CIFAR-10 dataset,” online: http://www. cs.
toronto. edu/kriz/cifar. html, 2014. .

[40] O. Breuleux, Y. Bengio, and P. Vincent, “Quickly
generating representative samples from an RBM-
derived process,” Neural Computation, vol. 23,
no. 8  pp. 2058-2073, 2011, doi:
10.1162/NECO_a_00158.

[41] Y. Bengio, G. Mesnil, Y. Dauphin, and S. Rifai,
“Better mixing via deep representations,” in 30th
International Conference on Machine Learning,
ICML 2013, 2013, No. PART 1, pp. 552-560.

[42] A. Radford, L. Metz, and S. Chintala,
“Unsupervised Representation Learning with Deep
Convolutional Generative Adversarial Networks,”
arXiv Prepr. arXivl511.06434, 2016, doi:
10.1051/0004-6361/201527329.

! Generative Adversarial Nets

? Generative Model .S 4 5 o313 b iy s 53500 5 Joke

Intelligence, AAAI 2018, 2018, pp. 3077-3084.

[24] T. Chavdarova and F. Fleuret, “SGAN: An
Alternative Training of Generative Adversarial
Networks,” in Proceedings of the IEEE Computer
Society Conference on Computer Vision and
Pattern Recognition, 2018, pp. 9407-9415, doi:
10.1109/CVPR.2018.00980.

[25] D. Saxena and J. Cao, “Generative Adversarial
Networks (GANs) Challenges, Solutions, and
Future Directions,” ACM Comput. Surv., Vol. 54,
No. 3, pp. 1-42, 2021.

[26] N. Yu, L. S. Davis, and M. Fritz, “Attributing
fake images to gans: Learning and analyzing gan
fingerprints,” in Proceedings of the IEEE
International Conference on Computer Vision,
2019, pp. 7556-7566.

[27] S. Bell-Kligler, A. Shocher, and M. Irani, “Blind
super-resolution  kernel estimation using an
internal-gan,” in Advances in Neural Information
Processing Systems, 2019, pp. 284-293.

[28] H. Zhang et al., “StackGAN++: Realistic Image
Synthesis with Stacked Generative Adversarial
Networks,” |IEEE Trans. Pattern Anal. Mach.
Intell., vol. 41, no. 8, pp. 1947-1962, 2019, doi:
10.1109/TPAMI.2018.2856256.

[29] D. Guera and E. J. Delp, “Deepfake Video
Detection Using Recurrent Neural Networks,”
2019, doi: 10.1109/AVSS.2018.8639163.

[30] N. Murray, “PFAGAN: An Aesthetics-
Conditional GAN for Generating Photographic
Fine Art,” in Proceedings of the IEEE
International Conference on Computer Vision
Workshops, 2019, p. 0.

[31] M. Arjovsky, S. Chintala, and L. Bottou,
“Wasserstein gan,” arXiv Prepr. arXiv1701.07875,
2017, doi: 10.2507/daaam.scibook.2010.27.

[32] Y. Burda, R. Grosse, and R. Salakhutdinov,
“Importance Weighted Autoencoders,” pp. 1-14,
2015, [Online]. Auvailable:
http://arxiv.org/abs/1509.00519.

[33] D. P. Kingma and M. Welling, “Auto-encoding

* Discriminative s s &oslize sl IS 53 1 aesls b dig o i jsel 45 Jda

* minimax

® Backpropagation

® Approximate inference
" Prior probability

¥ Mapping

% Data space

19 Differentiable function
11 Zero sum game

2 Mode Collapse

13 Varitinal Generative Adversarial Network (VGAN)

4 Graphical Model
15 Observation



AO \2'\ﬁLﬂgr}.ﬂangrﬁéﬂdbgdfw.)m@d)}gbtmu;ﬁ

'8 Hidden Variable

" Marginal Distribution

% intractable

19 Kullback-Leibler

% Likelihood

2! Variational Autoencoder

22 Reconstruction Error

2% Regularization

2 https://colab.research.google.com/drive/laNnewedDeqmGmZjEqVLK612WV-1eL Zhj

3 8o sdme Bl 5 5 o Glud b dgd edSiSls 5 geelS axdy 0L gaeiils v ol s oS &S ol
Lles g (gle sl 3l

% http://pws.yazd.ac.ir/lcir/GAN_projectl/stat.php
2" http://pws.yazd.ac.ir/Icif GAN_projectl
%8 http://pws.yazd.ac.ir/Icir/fGAN_projectl/scoreboard.php


http://pws.yazd.ac.ir/lcir/GAN_project1/scoreboard.php
http://pws.yazd.ac.ir/lcir/GAN_project1/scoreboard.php

. LA &
Z - -.-v\j ‘5 .

A





